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Abstract

Analyzing database system performance is a difficult
task. Traditional tools rely mainly on graphing to
analyze data in an ad-hoc manner. Determining the
right parameters to examine is often a lengthy
process of educated guesswork; where many
problems can run undetected. To cope with the
enormous number of parameters (in the magnitude of
thousands) that can affect system performance, we
introduce a two-phase parameter reduction
technique. In Phase 1, variable clustering is applied
to group correlated parameters together; and only
one representative parameter is chosen from each
cluster. In addition, parameters not highly
correlated with any other parameter are also selected
for further analysis. In Phase 2, regression tree
analysis is applied to reduce the number of
parameters further. The result is a set of parameters
most sensitive to changes in the system resources.
These parameters are used to construct a statistical
model that describes the causal behavior of the
system. This model and the correlations obtained
from the parameter selection process provide the
user with insight to fine tune the system performance.
To assess the effectiveness of this approach, we
implement an automatic analysis tool, and use it to
analyze different configurations of a TPC-C
(Transaction  Processing  Performance Council
benchmark) database system. The experimental
results indicate the effectiveness of the proposed
technique.

1. Introduction

Solving database performance problems [ORCLT99]
is becoming more and more crucial with the

explosive growth in the scale and complexity of
database systems. Many E-commerce websites are
using database technology to provide online
transaction processing (OLTP) and other services.
Good performance of the database system is vital to
their existence.

Generally speaking, the performance of a database
system can be tuned [ORCLT99] [T2000] at two
levels. High level tuning involves improving logical
designs to achieve better overall performance.
Examples include modifying the design of schema,
writing more efficient applications, and adopting
better data access paths. Low level tuning mainly
deals with the internal parameters of the database and
operating systems and the system hardware
(processors, memory, disks, network, etc.). At both
levels, correct identification of the most critical
problem of the system is key to the success of the
tuning effort. Traditional approaches ([BO1], [GO1],
[ORCLT99]) rely primarily on graphing and
examining a small number of system parameters.
Determining which system resources to investigate is
at best a lengthy process of educated guesswork,
where many problems can run undetected. To
overcome these drawbacks, we propose a systematic
approach that employs data mining ([AGIS92],
[AS94], [AS96], [HS95]) techniques to thoroughly
investigate all system parameters. To cope with the
enormous number of parameters (usually in the
magnitude of thousands), we introduce a 2-phase
parameter reduction technique. In each phase, this
scheme evaluates the correlation and interaction
among various parameters, and retains only those,
whose effect on the system behavior can be inferred
from other parameters, for further consideration. The
result of this process is a small list of system



parameters that have the most direct influence on
system performance, and are complete in capturing
every aspect of system behavior. These selected
parameters are used to construct a statistical model to
quantitatively measure the impact of each selected
parameter on system performance. This model
reveals the most critical parameters for tuning the
system. Our experimental studies indicate that this
tool proves to be very useful in analyzing various
configurations of (but not limited to) an Oracle
database system.

2. Problem Formulation

We first define the notations to facilitate our
discussion. Let o = {a;, a, ..., a,} be the set of
system parameters. A data collection tool typically
samples these parameters at fixed time intervals. At
each time interval, g; has a value v;. Thus, the output
of a data collection tool is a performance data set
organized as a time series 7 = {x;, X,, ..., X;}, where
x; = <t, vy, Vi ..., v,> denotes a vector of system
parameter values measured at time ¢. In addition to
the system parameters, we define 7 = {cj, ¢, ... ,
cm} as a set of system state descriptors (e.g. number
of processors, storage capacity, size of swap space in
memory, etc.) These descriptors convey the current
state or configuration of the system. When system
resources are upgraded or modified, these descriptors
change accordingly to reflect the changes in the
system state. The problem of system tuning,
therefore, is to revise these system descriptors (e.g.,
adding one more processor) in a way to achieve a
better system state. A system state is considered
better if we can realize a certain desired value for
some of the system parameters (e.g., %idle is
reasonably low). Since system tuning is typically
needed after upgrades or changes in the system
configuration, we often need to compare the values of
the system parameters before and after the change in
the system state in order to make tuning decisions.
To support such discussion, we introduce U as a set
of time series measured under different system states.

3. Parameter Selection

Parameter selection is the process of selecting a
subset of original parameters' by eliminating
redundant and uninformative ones. We observed that
in system performance data, parameters are often
correlated and interacting with each other. Such
correlation and interaction render a good opportunity

The parameter selection process only considers
relationships among system performance parameters.
System state descriptors are used in statistical model
construction.

for parameter reduction. On the other hand, with the
large number of parameters under investigation, it’s
more desirable to divide parameter selection into
multiple phases, from coarse to fine. In the first
phase, only first order correlations are taken into
consideration. More complex relationships are
investigated in the second phase.

3.1 Phase 1 - Parameter Selection Using
Variable Clustering

First order correlation is considered in this phase.
Clusters of highly correlated parameters are formed.
One can then select a representative parameter from
each cluster and remove others without losing too
much information. In other words, the pruned
parameters are represented by the specific selected
parameter. One commonly used method to group
highly correlated parameters is variable clustering
procedures such as the VARCLUS procedure in the
SAS system (1994).

The output of the VARCLUS procedure is a set of
clusters. Parameters within the same cluster have
higher correlation with each other whereas
parameters in different cluster have relatively lower
correlation. This information can be precious to
system performance analysis, as explained in the
motivation example in Section 2. Parameters are
selected from each cluster according to the following
steps:

1. In practice, some parameters of a cluster have
relatively lower /* values than others.
Interactions are usually indicated. Thus, f'should
be selected for further analysis.

2. Otherwise, one parameter is selected to represent
the cluster.

The set P of selected parameters has an important
property.

Property 1: Consider any two parameters fi,f, € P,
where P is the set of parameters generated by
selecting parameters from the output clusters of

VARCLUS procedure according to step 1 and 2.
There is no first order correlation between f; and f;.

3.2 Phase 2 - Parameter Selection Using
Regression Tree

In phase 2 of the technique, interaction between
parameters is examined to further prune redundant
parameters. Since most of parameters have numerical
values, regression tree is employed to analyze the
data. Parameter selection is based on the output set of
regression trees.



3.2.1 Regression Tree Analysis

The algorithm Regression_Tree Analysis is designed
to capture the interaction between parameters. A
regression tree [BFOS98] is grown for each
parameter in P. Each regression tree contains all the
parameters that are (statistically) important to predict
a specific parameter. The set of parameters that are of
statistical importance to a parameter u is denoted as
SPLIT(u).

Another important output of the algorithm is a
predictability graph G=(V, E). G is a directed graph.
An edge e=<u,v>(e€EAu,veV)records the
interaction information: if veSPLIT(x), an edge is
added from v to u. Definition and property of the
predictability graph will be given in the next
subsection.

3.2.2 K-Interactive Property

We first define the predictability relation between a
pair of parameters. Next, the predictability graph is
introduced to model interactions between various
parameters. Finally, degree of interaction between
parameters is measured in terms of the length of the
path within the predictability graph.

Definition 1: Consider a set of parameters 4. A
predictability relation R 1is defined on AxA4.

R= {( fifr )|f1,f2 € AA f5 € SPLIT(fi )}. In particular,

(f.f)eR.

Obviously, R is reflexive and transitive. However R
is not symmetric, i.e. if a parameter f; is used in the
construction of the tree with f; set to be the target, it
is not necessary that f; be used to split internal nodes
of the tree with f; as target. We define a directed
graph based on the definition of R.

Definition 2: A graph G=<V, E> (V=P,
E= {(u,v)|vRu}) is a predictability graph.

Figure 1 gives an example of a predictability graph.
In the graph, each vertex represents a parameter.
Edges model the predictability relation. Note that
self-loops are not included in the graph, although
they are counted in the parameter selection algorithm.

Definition 3: A parameter f| is k-interactive with
another parameter f; iff the length of the shortest path
from f; to f; is k.

The k-interactive definition captures the degree of
influence of one parameter to the other. Two
parameters f; and f; are O-interactive to each other iff
<fl.fr>2En<fr,fi>¢E. A parameter f; is 1-
interactive with another parameters f, implies that f
directly affects f;. A parameter f; is k-interactive

(k£ >2) with another parameters f, means f; has no
direct influence on f.

3.2.3 Parameter Selection Based On Tree
Analysis Result

The predictability graph is utilized to further reduce
parameters. This is achieved by generating a set of
parameters that “covers” all the other parameters
based on the predictability relation.

Consider a predictability graph G=<V, E>. In
addition, we define a function Path(u, v), which
returns true when there’s a path from vertex u to
vertex v and false otherwise. Basically, we want to
generate a set of vertices (parameters) £, such that

(1) Fcv.

(2) VueV(@v(v e F A Path(u,v))).
(3) vfi, /> e F, f1 and f; are O-interactive to each other.
(4) —3G(G ¢ F and G satisfies (2) and (3)) .

Transitivity of the predictability relation is the key to
solve the problem. In essence, the problem is to first
generate a transitive closure [S98] and then find the
set of vertices that satisfy condition (1), (2), (3) and
(4). In literature, there are already numerous
algorithms [EK77, IRW93, NS93] that attack this
problem. The idea lies in calculating for each node in
V its ancestor set in which stores all the nodes that
can “reach” it. Since the purpose of this research is
not to find an optimal ancestor set generation
algorithm, the naive approach is adopted. The
algorithm starts from each node v; and performs a
depth-first traverse. When a node is reached, v; is
propagated to its ancestor set. As an example, in
Figure 1, each vertex’s ancestor set is marked beside
1t.

The next step is to generate the set F' that satisfies
requirement (1), (2), (3) and (4). In implementation,
requirement (4) is relaxed. That is, the set F is not
necessarily  minimal. A greedy  algorithm
Transitive Reduction is designed. First, the algorithm
sorts all vertices according to the size of their
ancestor set. Second, nodes are selected iteratively in
descending order of the size of their ancestor sets.
Every time a node is selected, all the vertices in its
ancestor set are marked as “covered”. This process is
repeated until all the nodes are covered. Again, we
take the graph in Figure 1 as an example. The
selected vertex set is {4, E, F'}.

The set F of selected parameters has an important
property.
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Figure 1. An Example of Predictability Graph

Property 2: Consider any two parameters fi,f, e F ,
where F is the output set of parameters of Algorithm
Transitive Reduction. fi and f, are O-interactive with
each other.

4. Logistic Regression

The set of parameters F produced by the two-phase
parameter selection algorithm contains most of the
information. Naturally, the next step is to
quantitatively measure the influences of the selected
parameters. Logistic regression [SAS94, MSO01]
technique is employed to fit the statistical model.

Consider a target parameter ¢ (¢ is a system state

descriptor) that has / values (vi, v, ... , ) ( p;
(1<i<1) is the probability that ¢ takes value v;) and a
set of k explanatory parameters xi, X, ... ,xx (each

x; € F,k <|F|). Each parameter x; is considered critical

to the target parameter ¢ by the logistic regression
algorithm. A logistic regression model is

10g|:1fipA } = a+ﬂ1x1 +ﬁ2x2 +.A.+ﬂkxk (6)

Here Pi is referred to as odds and log[ Li } is
1-p, 1= p;
referred to as the Jogit or log-odds. The impact of
each parameter x; can be figured out by carefully
examining its relative coefficient f;. This is

demonstrated by the experimental study in next
section. It is important to understand that each
selected parameter represents a set of (interacting)
parameters. System tuning can be performed by

(1) Adding (removing) resources to adjust the most
critical parameters identified by the logistic
regression model.

(2) Or adjusting parameters that are interactive or
correlated to the most critical parameters
identified by the logistic regression model.

5. Experimental Study

To verify the proposed technique, we ran the
Transaction Processing Performance Council’s TPC-
C [TPCO1] benchmark suite on an Oracle 8 DBMS.
The selection of Oracle is due to the widespread
deployment of the DBMS. It is important to notice
that there is nothing in the proposed technique that
prevents it to be applied to other database systems.
System parameter values were captured by running
sar, iostat [IOSTAT] and querying Oracle internal
data dictionaries. We then applied the proposed
approach to the collected performance data set. The
results are demonstrated to illustrate the usefulness of
the proposed technique in Oracle database system
tuning.

5.1 Test Environment Setup

The Transaction Processing Performance Council’s
TPC-C benchmark suite was run on an Oracle 8i
database system. This benchmark is an industry
standard for evaluating the OLTP performance of a
database system. The hardware consisted of a Sun
Enterprise 450 Server with four 250Mhz UltraSparc
processors, 2 GB of RAM, and 48 GB of storage
striped across 12 disks. System load and capacity
were systematically varied as shown in Table 1.



Dataset | User Factor (c;) Processors (c;)

1 5 4
2 10 4
3 20 4
4 30 4
5 30 2

Table 1. Data sets and system state descriptors

We increased the workload on the system in a
controlled fashion. In each test, the system was
allowed a sufficient ramp-up time to reach a steady
state. This ensured that results would not be skewed
by operations that only occur at initialization time.
Operating system and database performance data
tools subsequently collected statistics, at 10-second
intervals for a total of 600 seconds. These five data
sets were finally combined to form an overall dataset
U.

In the experiment, each data set has 60 observations,
thus N=300 and K=3238. As being depicted in Table
3, we have two system state descriptors ¢; (number of
users) and ¢, (number of processors). After an initial
examination of the data set, we found there are 2189
constant parameters. Since parameters that maintain
constant value for all five experimental conditions
cannot provide information to explain the
experimental difference, these parameters are
removed from the database. After reducing the
constant parameters, there are 1049 parameters
remaining to be investigated.

The proposed techniques were applied to the test data
set to investigate the performance of the system.

First, 170 clusters were generated from 1049 non-
constant parameters by variable clustering procedure.
90% of the parameters fall in the first 110 clusters.
By analyzing the clusters, we were able to draw some
interesting conclusions. For example, we found that
Oracle achieves good scalability under various
workloads by efficiently manipulating tablespaces.
We also identified a bottleneck in the system
optimization process through careful investigation of
a particular correlation. Parameter selection was
performed based on the steps introduced in Section
3.1. The threshold to select low r*-value parameter
was 0.75. Around 22% (238) of the 1049 parameters
were selected from the 170 clusters generated by
variable clustering.

Second, the Regression_Tree_Analysis algorithm was
performed on the selected parameters. The algorithm
constructed a predictability graph of 238 nodes. 7

parameters were selected out of the 238 parameters
using the Transitive_Reduction algorithm.

Finally, logistic regression technique was applied to
the selected parameters. The output of the logistic
regression manifested a bottleneck within a hard disk.
The existence of the bottleneck significantly
degraded the I/O performance of the system.
Removal of the bottleneck resulted in a significant
improvement in service latency.

6. Concluding Remarks

Traditional system tuning techniques rely heavily on
human experts. Typically, hypotheses must be made
about system performance before graphing tools can
be used to confirm the suspected problems. This
approach is tedious, time consuming, and usually
incomplete because the number of parameters must
be dealt with is enormous. To address these
drawbacks, the main contribution of this paper is to
apply statistical methods to automate system analysis.

Our technique generates information to guide the user

on system tuning. Our methodology is as follows:

1. A 2-phase parameter reduction technique is
performed to reduce the large number of
parameters to a small, but still “complete” set.

2. A statistical model is then built to quantify the
effect of different system changes on the selected
parameters.

3. Finally, system tuning is done by adjusting the
most critical parameters revealed in the statistical
model.

Future work includes automating situation (2)
presented in Section 4. We also plan to enhance our
analysis tool to make it useful to a wide range of
applications including general knowledge discovery
tasks. Investigation of other suitable statistics and
data mining techniques to further improve the
effectiveness of our system is underway.
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